Abstract A monthly to daily streamflow disaggregation method is presented as part of an emerging water quality model designed to link with established monthly hydrology and yield models. The daily time step is assumed necessary for simulating water quality dynamics. The method is tested on two catchments in South Africa where observed daily flow data are available. The model includes a volume correction process to ensure daily sums are equal to input monthly flows and this reduces the sensitivity of the results to some model parameters. The sequences of events in the input daily rainfall must be representative of the catchment. Model validation against observed flows achieved Nash-Sutcliffe efficiency values ranging from 0.75 to 0.94 and initial applications of a water quality component suggested little difference between using observed and disaggregated flows. The main practical advantages are simplicity and the fact that the method builds on the experience of existing monthly models.
INTRODUCTION
In general terms, hydrological models are frequently used to establish the natural water balance of a catchment and water resources system models are used to model the anthropogenic components of river basins including reservoir storage and abstractions, run-ofriver abstractions and return flows. In some cases, these are combined in a single model (Sieber and Purkey 2007) , while in others, the two functions are separated and the hydrological model provides the natural streamflow inputs to the systems model (Basson et al. 1994) . In South Africa, the latter approach has been adopted, partly because a hydrological model (Pitman 1973) was an established part of water resources assessment approaches prior to the local development of systems models (Basson et al. 1994) . The models that have been widely used within the region operate on a monthly time scale, which has been generally accepted as adequate to facilitate water resources management for water quantity under most circumstances. The Pitman hydrological model (Pitman 1973 , Hughes 2013 , the Water Resources Modelling Platform (WReMP: Mallory et al. 2008 ) and the Water Resources Yield Model (WRYM: Basson et al. 1994) are three examples of the models that have been used frequently within water resources management agencies operating in southern Africa.
Increasingly, water quality degradation of freshwater resources is becoming a global challenge for water resource management (Jackson et al. 2001) . In addition, sediment transport has resulted in a considerable decrease of reservoir volumes due to silting (Baade et al. 2012) . These challenges to water resource management have emphasized the need for coupled water quantity and quality models (Malan and Day 2002) . Some of the available models have been developed as coupled models from the beginning (Sieber and Purkey 2007) , although they may have been based on previously established water quantity modelling approaches (Lindström et al. 2010) . In other situations, water quality components have been embedded in, or coupled to, existing hydrological or water resources systems models (Di Lazio et al. 2002 , Hughes 2009 ). Within South Africa, the existing hydrological and systems models already have a large community of practice and, therefore, the development of an entirely new coupled model would not necessarily be the most beneficial approach, particularly given that the natural hydrology and anthropogenic systems components are not coupled in the existing approaches. Developing a separate (uncoupled) water quality model also prevents the need to restructure the computer code of the existing hydrological and systems models. Given that all the fluxes and storages that are relevant to water quality modelling can be transferred from the water quantity models, there is no real reason why an uncoupled quality modelling approach cannot work effectively, even if it may not necessarily be the most efficient approach. A similar approach was used by Hughes (2009) to simulate time series of total dissolved salts in a semi-arid catchment as a contribution to the joint assessment of water quantity and quality for environmental flow requirement studies.
Water quality and sediment transport within natural surface waters are typically driven by transient rainfall-runoff events, which can be of short duration. The monthly time step of the established (in South Africa) water quantity models therefore poses a barrier to linking with a water quality model, and one of the initial model development challenges is to determine an appropriate method of disaggregating the monthly flows simulated by the quantity models. Given the general lack of climate, water quantity and quality data at time steps of less than one day, the model developments reported in this paper are based on a daily time step. One of the earliest streamflow disaggregation models was proposed by Valencia and Schaake (1973) for disaggregation of annual flows into seasonal, and since then various disaggregation algorithms have been proposed to disaggregate annual flows to seasonal or monthly flows (Mejia and Rousselle 1976 , Grygier and Stedinger 1988 , Santos and Salas 1992 , Koutsoyiannis 1992 , Koutsoyiannis and Manetas 1996 . However, the disaggregation of monthly to daily flows remains a challenge. Some published methods of streamflow disaggregation typically use "nearest neighbour" approaches, in which daily flows at an ungauged site are determined from the temporal flow patterns of neighbouring sites (Kumar et al. 2000 , Sivakumar et al. 2004 . However, the use of neighbouring streamflow gauges is problematic in regions, such as South Africa, with low gauge densities and where many gauges are impacted by anthropogenic flow regime modifications. Smakhtin and Masse (2000) used a variation of the flow duration curve transformation approach of Hughes and Smakhtin (1996) to generate simulated daily streamflow time series from daily precipitation data after smoothing with an antecedent precipitation algorithm. This method is not reliant upon the availability of neighbouring observed daily flows and is therefore very attractive for use in data-sparse regions. This paper describes and tests a method of monthly to daily flow disaggregation that uses daily rainfall data and the same principles applied by Smakhtin and Masse (2000) as part of a new and developing water quality decision support system (WQDSS) for use with the existing water quantity simulation tools that are frequently applied in southern Africa. Figure 1 illustrates the six steps in the monthly to daily streamflow disaggregation process described below. It should be noted that this approach is applied within the WQDSS to the simulated monthly incremental natural flows (i.e. sub-catchment contributions and not cumulative flows) generated by the hydrological model and used as inputs to the systems model. It is not applicable to any of the anthropogenic fluxes (such as abstractions and return flows) that are disaggregated in a different way within the WQDSS.
MODEL DESCRIPTION
Step 1: Monthly simulated flow volumes (m 3 × 10 6 ) from the quantity model are used to generate a 1-month annual flow duration curve (M_FDC) of mean monthly flows (m 3 s -1 ).
Step 2: A scaling equation is used to scale the M_FDC to a 1-day annual flow duration curve D_FDC (m 3 s -1 ) as explained in Section 2.1 and equation (1).
Step 3: Multiple time series of daily rainfall (up to three) for each sub-catchment are converted to a single continuous time series of antecedent rainfall (API), as explained in Section 2.2 and equations (2) and (3).
Step 4: The antecedent rainfall time series is used to generate a 1-day annual antecedent rainfall frequency curve (API_DC).
Step 5: The API time series and API_DC are used to identify the exceedence frequency for each day, and the initial daily flow estimates are obtained from the equivalent exceedence frequency on the D_FDC (Section 2.3).
Step 6: Finally, the initial time series of daily flows are volume corrected to be equivalent to the simulated monthly flow volumes (Section 2.3).
Scaling monthly flow duration curves to daily (Steps 1 and 2)
Daily FDCs will always contain more extreme values (at high and low exceedence frequencies) than FDCs based on mean monthly flow data obtained from the same original time series. The differences at the extremes of the FDCs are expected to be greater the more variable the flow regime. In this model, it has been assumed that the monthly to daily scaling factor at any point on the FDCs (Scale PP ) can be based on a three-parameter (A, B and C) equation using the exceedence frequency percentage points (PP):
The scaled daily flows (m 3 s ) at percentage point PP on the monthly flow FDC by Scale PP . Obviously, there are more frequency data points for a daily time series than for monthly mean flow time series. Consequently, exceedence frequencies for higher API values (steps 3 and 4 in Fig. 1 ) Fig. 1 A conceptual framework for a monthly to daily flow disaggregation method driven by daily rainfall (the six steps are labelled on the diagram and in the explanatory text boxes). may be considerably less than the lowest frequency on the scaled monthly FDC (D_FDC in Step 2). In this case, equation (1) uses the PP value from the API_DC, while the maximum mean monthly flow from the M_FDC is the value that is scaled. The implication is that very low exceedence frequency daily flows could be underestimated, and this issue is addressed within the volume correction process (Step 6 and Section 2.3).
Conversion of daily rainfall to antecedent rainfall (steps 3 and 4)
The method is based on the approach of Smakhtin and Masse (2000) and can use up to three time series of daily observed rainfall for any sub-catchment or incremental flow node. Multiple time series of rainfall are allowed for, partly to capture some of the spatial heterogeneity in either rainfall occurrence or depth, and partly to account for missing data gaps in individual rainfall station data and differences in record lengths. Equation (2) is used to generate a weighted average rainfall time series of daily rainfall (R_avg i ):
where R1 i , R2 i and R3 i are the rainfall depths (mm) for day i from the three rainfall stations, and W1, W2 and W3 are the weighting factors for the rainfall stations. If less than three stations are used, or if data from one or more stations are missing on a specific day, then the relevant weighting factor becomes zero. It is recognized that this approach can lead to nonstationary time series of R_avg i where the rainfall characteristics of the three stations, as well as their record lengths, are different. Care is therefore often required in the selection of appropriate rainfall stations in data-sparse or -patchy areas. The values assigned to the weighting factors are typically estimated on the basis of assumed importance to catchment runoff or the position of the rainfall stations to the catchment centroid. Daily rainfall time series are made up of discrete values separated by periods of zero rainfall, while daily streamflow time series are generally more continuous, even in semi-arid regimes. Hughes and Smakhtin (1996) proposed an FDC transformation approach for patching daily flow time series or for generating simulated daily flows at ungauged locations from regional FDCs and observed flow data from nearby gauged locations. In the absence of appropriate nearby streamflow gauges, Smakhtin and Masse (2000) proposed the use of observed rainfall time series data that are smoothed using an antecedent precipitation equation to generate a continuous time series. While the approach used in this study is almost identical to that used in Smakhtin and Masse (2000) , the objective is different and is directed as the disaggregation of existing simulations of monthly flow. The approach used in this model is based on simple recession (K) and rainfall threshold (RT) parameters:
where API i (mm) is the antecedent precipitation index for the current day and API i-1 (mm) is the index value for the previous day. The K parameter is designed to account for the storage characteristics of the catchment and the effects of these on the persistence of flows after rainfall events. The inclusion of the threshold (RT) is based on the assumption that small daily rainfall amounts may have little influence on the water storage dynamics of a catchment (due to interception loss and/ or immediate evapotranspiration losses) and therefore will not be reflected in a change in the daily streamflow recession characteristics.
Generation of daily simulated flow and volume correction (steps 5 and 6)
As already noted, the principles of using FDCs as transformation functions (Smakhtin and Masse 2000) have been used to convert the API time series into simulated daily streamflow time series ( Step 5 in Fig. 1 ). However, it is also important that the final time series of daily streamflows has the same monthly volumes as the original data obtained from the hydrological model that the WQDSS is coupled with.
Step 6 therefore involves a correction to ensure monthly volume equivalence between the quantity and quality models. It was already noted in Section 2.1 (steps 1 and 2) that the monthly to daily FDC scaling approach has the potential to underestimate high flows at low exceedence and therefore a nonlinear volume correction approach that emphasizes high flows is used when the volume is corrected upwards.
where D i and DC i are the initial and corrected daily simulated volumes for day i (m 3 × 10 6 ) and month j, M j is the monthly volume (m 3 × 10 6 ) for month j obtained from the quantity model and n represents the total number of days in month j. The square function was selected after trying logarithmic, exponential and other power functions and found to be the better alternative for the set of stations used in the initial model testing. When the simulated monthly flow is less than the sum of the daily simulated flows, equation (5) is used in place of equation (4) to avoid the possible generation of negative DC i values.
The extent to which high daily flows will be adequately simulated by the model is therefore partially dependent upon the parameters of the monthly to daily scaling equation (equation (1)), partly upon the data and parameters used in the antecedent precipitation analysis, both of which are determined by the model user, and partly upon the volume correction algorithm, which is fixed in the model.
MODEL TESTING AND VALIDATION APPROACH
This initial evaluation of the disaggregation method has been applied to monthly streamflow volume time series obtained from summed observed daily flow data. Under normal applications the model would be applied to simulated monthly flow volumes which may not always be an accurate reflection of observed flows, even if they are available. The initial evaluation therefore avoids any uncertainty associated with the simulations of monthly flows and allows a direct comparison between daily disaggregated flows and daily observed flows. As many of the available observed daily streamflow data contain some missing data, while the model assumes continuity of data, a version of the Pitman model (Hughes 2013) was used to fill in any gaps in the observed monthly volumes. This does not affect the assessment of the model as daily disaggregated flows are only compared to observations during months where the daily observed flow record is complete. The first set of assessments focussed on the validity of the three parameter FDC scaling method (equation (1)) and the extent to which a limited amount of observed data can be used to establish regionally appropriate scaling parameters (A, B and C). Secondly, a sensitivity analysis has been performed for the K and RT parameters of the method used to generate the antecedent precipitation index time series. Thirdly, the importance and effectiveness of the volume correction procedure was assessed by comparing the initial (X i ) and volume corrected (XC i ) simulated daily flows with the observed data. A fourth assessment compared the use of ground observations of daily rainfall with NOAA (National Oceanic and Atmospheric Administration, Climate Prediction Center, Rainfall Estimation Algorithm RFE 2.0 with a resolution of 1 day and 0.1 degree) satellite data (Xie et al. 2002, Sawunyama and Hughes 2010) in recognition of the limited amount of daily rainfall data available in many regions of southern Africa. All evaluations were largely based on the Nash-Sutcliffe efficiency (NSE) statistic (Nash and Sutcliffe 1970) calculated using untransformed and natural log-transformed data. Finally, to assess the impact of daily streamflow modelling uncertainties on the simulation of water quality, both observed and simulated daily flows were used to force a combined point and diffuse source nitrogen (nitrate-N + nitrite-N) component (Slaughter and Hughes 2013) of the emerging WQDSS.
Study areas and data used in the model assessment
During the development and testing of the complete WQDSS, the focus has been on two main South African catchments that have different hydrological, water resources development and water quality characteristics. The first is the Crocodile River catchment (Fig. 2) , located in the Mpumalanga Province and draining an area of approximately 10 440 km 2 (Deksissa et al. 2004) . Annual rainfall varies between 600 and 1200 mm, with a strong seasonal peak between November and April and with spatial variations dominated by the topography and decreasing from west to east. The wetter parts of the catchment in the west are affected by afforestation to differing 1900 A.R. Slaughter et al. degrees and there are a number of water supply reservoirs, extensive irrigation and some industry, including a large pulp factory. The Buffalo River catchment (Fig. 2) in the Eastern Cape Province has been the subject of previous water quality analysis and modelling studies (O'Keefe et al. 1996) and is representative of a more arid region, with a steep rainfall gradient between the upper (1500-2000 mm) and middle to lower (500-625 mm) reaches (O'Keefe et al. 1996) . The rainfall is less seasonal than in the Crocodile River and the majority of the runoff is generated in the steeper and wetter headwater areas. The water quality issues are associated with the two main water supply reservoirs and the fact that a large part of the consumption and return flow lies above the reservoirs, creating an almost closed system. Department of Water Affairs streamflow gauging stations were chosen that have relatively complete daily records with accurate stage-discharge rating curves and which are not likely to be influenced by abstractions or situated downstream of major reservoirs. Table 1 lists the stations chosen, some details of the observed flow data and three rainfall stations located within their catchments. Individual station observed daily rainfall data typically contain missing data. While the disaggregation method accepts up to three rainfall gauges, finding suitable rainfall datasets where at least one dataset fills in missing data can often be problematic. For this reason, the study used a national database of daily rainfall data where missing data have been in-filled (Lynch 2004) . The comparison between using groundbased and satellite rainfall estimates made use of a single rainfall record collected by staff of the Institute for Water Research in Grahamstown. Note: MAP is mean annual precipitation Table 2 lists the results of the monthly to daily FDC scaling assessment, while Fig. 3 graphically illustrates two results. The A, B and C parameters were manually optimized on the basis of searching through many combinations to achieve the highest sum of the two NSE statistics for the scaled FDC compared to the observed FDC. The NSE values given in Table 2 include data for frequencies less than the minimum monthly percentage point (PP), and the daily estimates in this region of the curve are based on scaling factors (equation (1)) using the daily frequency values and multiplied by the maximum monthly flow. This was already referred to in Section 2.1 and affects the ability of the FDC scaling method to simulate the highest daily flows. However, it should be remembered that the volume correction process also has an effect on the simulated values of the highest daily flows. Table 2 and Fig. 3 suggest that the scaled estimates of the highest daily flow are satisfactory at three sites (X2H014, R2H006 and R2H009), less so at three sites (X2H011, X2H010 and X2H024) and very poor at two sites (X2H031 and X2H008). There is a great deal of similarity in the success of the scaling equation at moderate to low flows, but a lot of variation in the moderate to high flow regions of the FDCs. One of the important issues is whether several gauges within a relatively homogeneous region can be used to establish regional values for A, B and C that can be applied to ungauged sub-catchments. There appears to be a lot of variation in the best-fit parameter values, even within the two relatively homogeneous regions, and at this stage it is difficult to see how regionally applicable values could be obtained. However, the impact of applying regionally derived scaling parameters may be offset by the other parts of the procedure and specifically the volume correction process. This issue is addressed further in Section 4.4. Figure 4 illustrates the sensitivity of the overall disaggregation results (using the FDC scaling parameters estimated in Section 4.1 and with volume correction) to changes in the antecedent rainfall parameters K and RT for a selection of gauges. The final results with and without volume correction are listed in Table 3 . In Fig. 4(a) , the RT value was kept constant at 1 mm, while the K values used for Fig. 4(b) were the optimum values identified from Fig. 4(a) . The untransformed NSE statistic appears to be more useful in establishing appropriate K values and only these results are plotted. This may appear to be somewhat counterintuitive in that K values should have a large impact on low flows. However, it is difficult to predetermine the likely impact of the volume correction process on the results. The untransformed NSE values are clearly very sensitive to the value of K with optimal values being mostly very high (>0.98) suggesting a need for a great deal of smoothing of the daily rainfall, which is consistent with the high baseflow regimes in these generally wet catchments. The lowest K value (0.95) is associated with R2H006, a more arid catchment where less sustained low flows are expected. As might be expected, the log-transformed NSE values are better for identifying optimum RT values, but the Crocodile River catchments are not very sensitive to changes in RT. In contrast, the results for the R2H006 catchment are very sensitive to changes in RT and the best values are quite high at between 15 and 20 mm, a result that would be expected for a semi-arid catchment where most low rainfall depths infiltrate into relatively dry soils and evaporate, such that they have little effect on runoff patterns. Table 3 also includes the weighting factors used for the three rainfall stations, which were mainly determined subjectively based on their location within the catchment. The high weight assigned to single stations within some catchments is a reflection of the fact that one station might be clearly the most representative, but the others are included to account for variable station record lengths. In other cases, the combination of several stations has been judged to provide the most representative catchment rainfall signal. While the selection of stations and weighting factors is likely to affect the results in some catchments, the results in these study areas appeared to be relatively insensitive. (Table 3 and Fig. 5(b) ) can be considered acceptable for simulations of daily flows and are comparable with values reported in the literature for other types of daily models applied within the region (Hughes 1997) . Gauges X2H008, X2H024 and X2H031 are examples where the monthly to daily scaling (Table 2) failed to reproduce the highest observed daily flows and this is reflected in the poor NSE statistics with the volume correction off. However, the NSE values improve a great deal once the volume correction is applied. Figure 6 provides an example of four years of the time series of observed and simulated mean daily flow (m 3 s -1
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) for gauge X2H014 with and without the volume correction. While the volume correction process has clearly improved the overall fit, there are situations where the main seasonal peaks are poorly estimated. However, this may not be a critical issue with respect to water quality modelling, particularly when the main issues are point sources that are substantially diluted at high flows.
Regionalizing the FDC scaling parameters
From the results presented in the previous three subsections it can be suggested that the model results are likely to be most sensitive to the quantification of the FDC scaling factors, as well as the K and RT values used in the conversion of rainfall to an antecedent precipitation index in some catchments. Some sensitivity results for the K and RT values have already been presented in Section 4.2 and Fig. 4 , and it is clear that the volume correction part of the model cannot compensate for inappropriate values for either of these parameters. Figure 7 shows the plots of the scaling factor curves for exceedence frequencies up to 90% (the curves are more or less flat beyond that point) for all the gauges listed in Table 2 . Although some of the A.R. Slaughter et al. lines are difficult to distinguish as they are close together, there are two distinct curve shapes for the Crocodile River gauges and the two Buffalo River gauges are also different from each other. The two regional curves have been based on A, B and C parameters designed to represent the two Crocodile River regions. The "Region 1" curve (A = 1.2, B = −0.25, C = 0.4) has been applied to all the Crocodile River gauges to assess the sensitivity of these parameters on the scaling process and the overall results. Table 4 illustrates that the effects on the FDC scaling NSE statistics are generally as might have been expected, with the gauges identified as being in Region 2 (X2H014 and X2H031) the worst affected. The final two columns of Table 4 illustrate the importance of the volume correction. Despite using a locally inappropriate set of FDC scaling parameters for gauge X2H014, the overall NSE statistics for the simulated daily flows are not very different to those given in Table 3 using scaling parameters calibrated against the observed gauge data. The worst result is for X2H031 which has also been identified as part of "Region 2", while the effects of using the regional parameters within the "Region 1" gauges are negligible.
Alternative sources of rainfall data
The third sensitivity analysis that has been conducted was based on the premise that there may be situations where daily rainfall data are not available. There are certainly hydrometric agencies in parts of southern Africa where daily data are often difficult to obtain, despite the fact that monthly data can be accessed. One possible alternative is to make use of satellite derived (Xie et al. 2002) rainfall data, but it should be recognized that these data can be subject to substantial bias (Hughes 2006, Sawunyama and Hughes 2010) . The limited assessment used in this study has Fig. 7 Estimated regional scaling factor curves for the Crocodile River catchment (the grey curves are based on the parameters in Table 2 ). been based on some highly reliable daily rainfall data for a single station, collected by the authors, together with NOAA, CPC, RFE 2.0 satellite data representing a 0.1°× 0.1°grid covering the same geographical area (accessed from ftp://ftp.cpc.ncep.noaa.gov/fews/ newalgo_est/ in November 2013). The total period of time covered by both datasets extends from October 2000 to the end of September 2013. The insert in Fig. 8 illustrates that the two rainfall data products have different frequency characteristics, with the ground-based data having higher rainfalls but the satellite data having a somewhat higher number of rainfall days. The R 2 (regression coefficient) value for the relationship between the data is 0.693, the NSE is 0.663 and the RMSE is 4.11.
The ground-based rainfall data were used with the Pitman monthly rainfall-runoff model (Hughes 2013) to generate the monthly flows for a hypothetical catchment (area = 50 km 2 ) and using regional model parameters appropriate to this part of South Africa. The two daily rainfall datasets were used to disaggregate the monthly flows using the same fixed FDC scaling (A = 1.4, B = −0.35, C = 0) and antecedent precipitation (K = 0.85, RT = 10 mm) parameters. The main objective of the test is to identify whether the simulated daily flow patterns are substantially different. The results indicate that the two simulated flow time series have almost identical FDCs (not shown), but that the occurrence and size of individual events can be different. For example, Fig. 8 illustrates that the peak at about 280 days was missed by the satellite data, while some additional small flow events were simulated by the satellite data at about 50, 120 and 200 days. The NSE values comparing the two disaggregated daily times series are 0.808 (untransformed) and 0.591 (log-transformed), suggesting a high degree of similarity in moderate to high flows, but less so at low flows. The results were generally insensitive to varying the K and RT values between the two rainfall datasets, but it is acknowledged that there could be situations where particularly the K parameter may be different when using satellite data compared with groundbased rainfall data.
Comparing observed and simulated daily flows to force water quality simulations
Although it was not the purpose of this paper to present the results of using the disaggregated daily flows in the water quality model, which is still being developed, gauge X2H031 was chosen to provide an initial illustration of the effect of differences in simulated daily flows on water quality estimation. A simple model to separately quantify the instream NO 2 -N + NO 3 -N loads due to point and diffuse sources was implemented using the approach adopted by Slaughter and Hughes (2013) . The full details of the water quality estimation method are not provided here and the same algorithms and parameters were applied to both the observed and simulated daily streamflows. The diffuse source input concentration is based on a simple power curve to represent an assumption of increasing concentration of nutrients with increasing flow. The point source component is based on random sampling (for each day) from assumed ranges of inflow rates and concentrations. Figure 9 shows the exceedence frequency distributions of nitrogen concentration for observed water quality observations and simulated nitrogen using the water quality estimation approach with both observed and simulated (disaggregated) daily flows. There are no differences between the two simulated frequency distributions, while there are small differences in the simulated time series (see insert in Fig. 9 ) with a NSE of 0.94. However, neither simulation reproduces the time series pattern of the limited number of observed nitrogen values very well, despite achieving fairly representative frequency distributions (Fig. 9 ).
DISCUSSION AND CONCLUSIONS
A relatively simple method has been presented that allows monthly streamflow simulations derived from a rainfall-runoff or water resources system yield model to be disaggregated into daily flows using daily rainfall data. The original motivation for developing the model was to facilitate the addition of water quality components to an existing monthly yield model. The model consists of three main components: (1) scaling the monthly FDC to a representative daily FDC; (2) using a documented FDC transformation process Smakhtin 1996, Smakhtin and Masse 2000) together with a daily time series of antecedent precipitation indices to generate initial daily flows; and (3) a volume correction procedure to ensure that the final daily flow data are equivalent, in terms of monthly volumes, to the original monthly time series. There are inevitable uncertainties in each step of the model associated with the data used to force the model, the algorithms of the model and the model parameters. The limited tests that form part of this study have tried to eliminate some of the uncertainties by using monthly streamflow inputs derived from (except for short periods of infilled missing data) the daily streamflows used to test the results. Thus, any uncertainties in the ability of the monthly models to generate reliable inputs have not formed part of this study.
Within the first part of the model, the major uncertainties lie in the form of the equation and the quantification of the parameters used to estimate the FDC scaling factors (equation (1)). Table 2 and Fig. 3 suggest that the equation is generally applicable, but is not always able to estimate infrequent high daily streamflows. These results, together with Fig. 7 also suggest that obtaining regionally representative parameter values may be possible in some areas, but more difficult in others. However, the sensitivity results provided in Table 4 suggest that the volume correction procedure can account for at least some of the uncertainties associated with the FDC scaling process, making the model quite robust (Fig. 5) . Figure 4 indicates that the results can be very sensitive to the quantification of the antecedent precipitation index parameters (K and RT) and the study also noted (not shown here) that the results can be affected by the selection of rainfall stations (or alternative data) that are intended to represent the catchment rainfall inputs. The former issue is important, but it also appears to be relatively straightforward to establish regionally appropriate values for K and RT. The differences between these values in the generally wetter perennial rivers of the Crocodile River catchment and the intermittently flowing rivers of parts of the Buffalo River catchment are intuitively sensible (higher K and lower RT in the wetter areas with more baseflows). The latter issue of selecting appropriate rainfall observations is far more important, particularly given the fact that many rainfall records contain missing data and the frequently noted deterioration in hydrometeorological networks worldwide (Chapter 13 in UNESCO 2009).
The overall results of the disaggregation model were not very sensitive to changes in the rainfall station weightings. This could be due to rainfall being reasonably spatially homogeneous within most of the study catchments, although it was Fig. 9 Exceedence frequency distributions of observed and simulated nitrate + nitrite at X2H031 using observed and disaggregated daily flow to force the water quality model. The insert shows one year of the simulated time series data with the observed data points marked as diamond symbols.
expected that rainfall weightings would have had a noticeable effect within the R2H006 catchment, which has a steep rainfall gradient between the lower and upper reaches of the catchment. Two rainfall stations were chosen from within the catchment, that have lower rainfalls indicative of the lower and middle reaches, while one station was chosen from the upper reaches of an adjacent catchment and has relatively higher rainfall.
The issue of adequate rainfall data input applies to any hydrological estimation model that is driven by climate inputs (Fekete et al. 2004) . However, in this model it is the time series sequences of rainfall events of different relative magnitudes that are important. The absolute magnitude of the rainfall is largely irrelevant, but it is an important issue in catchments where there is a large gradient in rainfall depths within individual storms. This comment is also relevant if daily satellite data are to be used in areas where daily station data are not readily available. Several contributions, including Hughes (2006) and Sawunyama and Hughes (2010) , have noted the frequent bias in satellite data compared to ground-based station data. A limited comparison between the use of these alternative daily rainfall products was included in this study (section 4.4 and Fig. 8 ) and the results were very favourable.
The above observations suggest that the volume correction process is a critical part of the model (Fig. 5) . Equation (4) was formulated to try to account for some of the uncertainties in the initial estimates of high flows associated with the other parts of the model. In the early phases of model development it was easily identified that simple linear scaling of all daily flows within a month when the sum of the daily flows was less than the monthly flows would not be satisfactory. The use of a square function in equation (4) was found to be at least as good as any alternatives (e.g. log, exponential or other power functions) for the two regions used in this study (Table 3) . However, it is acknowledged that the optimum form of equation (4) could be regionally dependent.
This study has concluded that the major source of uncertainty (leading to potentially inadequate simulations of daily flow sequences) is the availability and selection of daily rainfall time series that can be considered to adequately represent the sequences of daily streamflow events. There is no doubt that other sources of uncertainty are present and should not be neglected, but the model is quite robust and, largely due to the volume correction process, is relatively insensitive to uncertainties in most of the parameter estimates. Despite the limited number of sites included, this study suggests that there is a potential for developing regional guidelines for the FDC scaling parameters and the antecedent precipitation index parameters. Values of K are expected to be high (>0.98) in wet and strongly baseflow-driven catchments, decreasing in drier catchments. Further work is required to establish appropriate values of K for very arid, ephemeral rivers. Similar conclusions can be reached about the threshold parameter (RT), which is expected to increase with aridity. The A, B and C parameters of the FDC scaling process may be more difficult to regionalize, particularly given that there are many gauges in South Africa (and elsewhere in the world) where high flows are observed with limited accuracy (or not at all). In this study, the parameters were optimized on individual streamflow gauges, while it is acknowledged that there are several combinations of the three parameters that will produce quite similar scaling curves (equifinality). For a more comprehensive regional study, it is recommended that the scaling curves are calculated for all available observed data and then regional curves fitted to groups of curves rather than individual curves (Fig. 7) . This process should also be guided by the catchment characteristics of the available observed gauges to facilitate extrapolation to ungauged catchments. Overall, the model produced disaggregated daily flows that satisfactorily matched daily observed flows, with NSE values (mostly better than 0.5 for natural values and better than 0.7 for log-transformed values) comparable to those obtained by other daily models applied within the region (Hughes 1997) . The use of disaggregated daily flows in comparison to observed daily flows in a simple statistical water quality model showed that the water quality concentrations obtained with disaggregated flows were comparable to those obtained using observed daily flows (Fig. 9) .
Besides the intended use of this disaggregation technique in a water quality model linked to an existing monthly water resources yield model, the method could also be used in situations where within-month flow variations are considered important information for making decisions about water resources use or protection. Examples might include the determination of daily flows for environmental flow requirement (EFR) studies, as well as scheduling run-of-river abstractions for domestic or agricultural water uses. In the case of EFR studies, the final water quality model may also address many of the problems that have been experienced over recent years of integrating quantity and quality in the overall assessment of water resources protection strategies under different scenarios of water use.
The advantages of the approach are: (a) it avoids the potential uncertainties and long computer run times involved in setting up detailed daily rainfallrunoff and yield models; (b) it requires less data than a daily rainfall-runoff model; and (c) most importantly, it builds on the experience of using monthly models within the southern Africa region (Hughes 2013) . Although the data used in this study have been confined to a relatively small part of South Africa, there appears to be no reason why it cannot be applied to many other parts of the southern Africa region (and elsewhere in the world) where monthly models are frequently used in water resources assessments and where water quality issues are becoming of great importance. The main limitation will always be access to adequately representative daily rainfall data-an issue that is not restricted to this model, but applies to most models that are designed to address the same problems.
